8 Optimal cross selection increases long-term genetic gain of two-part programs with 9 rapid recurrent genomic selection. It achieves this by optimising efficiency of 10 converting genetic diversity into genetic gain through reducing the loss of genetic 11 diversity and reducing the drop of genomic prediction accuracy with rapid cycling. 12 13 2 Abstract 14 This study evaluates optimal cross selection for balancing selection and maintenance 15 of genetic diversity in two-part plant breeding programs with rapid recurrent genomic 16 selection. The two-part program reorganizes a conventional breeding program into 17 population improvement component with recurrent genomic selection to increase the 18 mean of germplasm and product development component with standard methods to 19 develop new lines. Rapid recurrent genomic selection has a large potential, but is 20 challenging due to genotyping costs or genetic drift. Here we simulate a wheat 21 breeding program for 20 years and compare optimal cross selection against truncation 22 cross-selection enables optimal management and exploitation of population 35 improvement germplasm in two-part programs. 36
selection in the population improvement with one to six cycles per year. With 23 truncation selection we crossed a small or a large number of parents. With optimal 24 cross selection we jointly optimised selection, maintenance of genetic diversity, and 25 cross allocation with AlphaMate program. The results show that the two-part program 26 with optimal cross selection delivered the largest genetic gain that increased with the 27 increasing number of cycles. With four cycles per year optimal cross selection had 28 78% (15%) higher long-term genetic gain than truncation selection with a small 29 (large) number of parents. Higher genetic gain was achieved through higher 30 efficiency of converting genetic diversity into genetic gain; optimal cross selection 31 quadrupled (doubled) efficiency of truncation selection with a small (large) number of 32 parents. Optimal cross selection also reduced the drop of genomic selection accuracy 33 due to the drift between training and prediction populations. In conclusion, optimal 34 Introduction 37 In this study we evaluate balancing selection and maintenance of genetic diversity 38 with optimal cross selection in two-part plant breeding programs with rapid recurrent 39 genomic selection. Plant breeding programs that produce inbred lines have two 40 concurrent goals: (i) identifying new varieties or hybrid parents and (ii) identifying 41 parents for subsequent breeding cycles. We recently proposed a two-part program that 42 uses genomic selection to separately address these goals (Gaynor et al. 2017; Hickey 43 et al. 2017a ). The two-part program reorganizes conventional program into two 44 distinct components: a product development component that develops and screens 45 inbred lines with established breeding methods; and a population improvement 46 component that increases the population mean with rapid cycles of recurrent genomic 47 selection. Simulations showed that the two-part program has a potential to deliver 48 about 2.5 times larger genetic gain compared to a conventional program for the same 49 investment (Gaynor et al. 2017) . 50
The larger genetic gain from the two-part program is primarily driven by rapid 51 recurrent genomic selection in the population improvement component. In a 52 conventional program a cycle of "recurrent" selection may take four to five years to 53 complete. The two-part program enables rapid recurrent selection with several cycles 54 per year, because population improvement and product development components suggests that the large genetic gain in Gaynor et al. (2017) could be increased even 61 more with more than two cycles per year. 62
To ensure large genetic gain a population improvement manager must simultaneously 63 consider several factors. Most notably, number of cycles, size of the population, 64 number of parents, genomic prediction accuracy, maintenance of genetic diversity, 65 and costs. Performing more cycles can increase genetic gain per year, but it also 66 increases costs incurred by genotyping many selection candidates and other operating 67 costs. To control costs the manager is likely to reduce population size with increasing 68 number of cycles. In an unpublished analysis (reproduced in this study), we observed 69 that increasing the number of cycles, above two used in Gaynor et al. (2017) , 70 expectedly increased genetic gain in first years, but eventually led to a lower long-71 term genetic gain than with two cycles. Inspection of the results indicated that genetic 72 diversity was depleted faster with increased number of cycles. 73
We hypothesise that balancing selection and maintenance of genetic diversity is 74 needed for large long-term genetic gain from the two-part program with rapid 75 recurrent genomic selection. To test this end we simulated a two-part program that 76 uses truncation selection or optimal cross selection to manage population 77 improvement germplasm. The optimal cross selection is a combination of optimal 78 contribution selection and cross allocation. The optimal contribution selection 79 optimizes contributions of selection candidates to the next generation such that 80 expected benefit and risks are balanced (Woolliams et al. 2015) . A common way to 81 5 achieve this balance is to maximise genetic gain at a predefined rate of population 82 inbreeding (coancestry) through penalizing selection of individuals that are too 83 closely related (Wray and Goddard 1994; Meuwissen 1997 ). This penalization 84 controls the rate at which genetic diversity is lost due to drift and selection. Well 85 managed breeding programs balance this loss by maintaining sufficiently large 86 effective population size so that standing genetic diversity and newly generated 87 genetic diversity due to mutation (and possibly migration) sustain long-term genetic 88 gains (Hill 2016) . The optimal contribution selection assumes that contributions will 89 be randomly paired, including selfing. An extension that delivers a practical crossing 90 plan is to jointly optimise contributions and cross allocations (Kinghorn et al. 2009; 91 Kinghorn 2011). These methods are established in animal breeding (for a review see 92 Woolliams et al. (2015) ) and are increasingly common in plant breeding (Cowling et The aim of this study was to evaluate the potential of optimal cross selection to 95 balance selection and maintenance of genetic diversity in a two-part program with 96 rapid recurrent genomic selection. We evaluated the potential with a long-term 97 simulation of conventional and two-part breeding programs. The two-part programs 98 used different number of cycles, different selection methods, and different resources 99 for genomic selection. The results show that optimal cross selection delivered the 100 largest long-term genetic gain under all scenarios. This was achieved by optimising 101 the efficiency of converting genetic diversity into genetic gain with the increasing 102 number of recurrent selection cycles. With four cycles per year optimal cross 103 6 selection had 15-78% higher genetic gain and 2-4 times higher efficiency than 104 truncation selection. 105 7
Materials and methods

106
Breeding programs 107
We used simulations of entire breeding programs to compare different selection 108 methods under different scenarios. Detailed description of simulated breeding 109 programs and scenarios is available in Supplementary Material 1. In summary, we 110 have initiated a virtual wheat breeding program for a polygenic trait and ran it for 111 20 years (burn-in) with a conventional program based on phenotypic selection. After 112 the burn-in we evaluated different programs under equalized costs for another 20 113 years. The evaluated programs were: i) conventional program with phenotypic 114 selection (Conv), ii) conventional program with genomic selection at the preliminary 115 trial stage (ConvP), iii) conventional program with genomic selection at the headrow 116 stage (ConvH), and iv) two-part program with recurrent genomic selection (TwoPart). 117
While the conventional program performs population improvement and product 118 development concurrently, the two-part program splits these two activities into two 119 separate, but connected, components (Fig. 1 ). The population improvement 120 component is based on rapid recurrent genomic selection to increase population mean, 121 while product development component is based on standard breeding methods 122 (including field trials) to develop inbred lines. A by-product of field trials is a training 123 set of genotyped and phenotyped individuals, which is used to retrain a genomic 124 selection model. Because the two-part program uses rapid cycling, we use doubled-125 haploid lines to speed up the conventional program and the product development 126 component. 127 8 A challenge with the two-part program is balancing selection and maintenance of 128 genetic diversity in the population improvement. This is particularly challenging with 129 several cycles or recurrent genomic selection, because the breeder needs to handle 130 increasing genotyping costs. Assume that the population improvement component is 131 based on 64 crosses from 32 to 128 parents that give rise to 640 selection candidates. 132
With a fixed genotyping budget, we can implement one cycle of this scheme or 133 several cycles with proportionately reduced numbers, as shown in Table 1 . Rapid 134 cycling is appealing in terms of genetic gain, but challenging in terms of maintaining 135 genetic diversity. We have evaluated how these two aspects are balanced with: i) 136 truncation selection of a small numbers of parents (TwoPartTS), ii) truncation 137 selection of a large number of parents (TwoPartTS+), or iii) optimal cross selection 138 (TwoPartOCS). In the scenario with a small/large number of parents we selected a 139 minimal/maximal possible number of parents for a given number of cycles per year 140 (Min/Max in Table 1 ). These two-part programs were compared with one to six 141 recurrent selection cycles per year and under constrained or unconstrained costs. With 142 unconstrained costs, the number of crosses was 64 with 640 selection candidates per 143 cycle irrespective of the number of cycles. The scenarios with unconstrained costs are 144 likely unrealistic, but we have included them to demonstrate the potential genetic gain 145 with higher investment and to demonstrate the potential of optimal cross and 146 truncation selection under the different settings. 147
We repeated entire simulation 10 times and report average and confidence intervals. For optimal cross selection we used the AlphaMate Fortran program (Gorjanc and 151 Hickey 2018) available at www.alphagenes.roslin.ed.ac.uk/AlphaMate. 152
Genomic prediction 153
The training dataset for genomic prediction was initiated with genotype and 154 phenotype data collected in the last three years of the burn-in (3,120 lines). The 155 dataset was further enlarged every year with new trial phenotype and genotype data 156
(1,000 lines). We used the standard ridge regression model with heterogeneous error 157 variance to account for different levels of replication in trials collected at different 158 stages of a breeding program (Endelman 2011). 159
Optimal cross selection 160
Optimal cross selection delivers a crossing plan that maximises genetic gain in the 161 (2011), we operationalize balance between genetic gain and coancestry via "penalty 180 degrees" between the maximal genetic gain solution and the targeted solution under 181 constraints. Specifically, the maximal genetic gain solution is obtained by setting 182 penalty to 0°, while the minimal loss of genetic diversity is obtained by setting 183 penalty to 90°. For each scenario we ran optimal cross selection with a range of 184 penalty degrees (1°, 5°, 10°, …, 85°). 185
Comparison 186
Programs were compared in terms of genetic gain, genomic prediction accuracy, 187 genetic diversity, and efficiency of converting genetic diversity into genetic gain. To 188 enable comparison between conventional and two-part programs we report the 189 metrics on doubled-haploid lines, prior to headrow selection ( Fig. 1 ). In the two-part 190 program there are two sets of doubled-haploid lines ( Fig. 1) , which we summarized 191 jointly. We also report the metrics on selection candidates of the population 192 improvement component in Supplementary material 2. 193
11
We measured genetic gain as average true genetic values that were standardized to 194 mean zero and unit standard deviation in year 20. We measured accuracy of genomic 195 prediction by correlation between predicted and true genetic values. 196
We measured genetic diversity with genetic standard deviation, genic standard 197 deviation, number of times population ran out of genetic diversity as measured by 198 marker genotypes, and effective population size. We calculated genetic standard 199 deviation as standard deviation of standardized true genetic values. We calculated 200 genic standard deviation as ; = 2 0 1 − 0 
Results
229
Overall the results show that the two-part program with optimal cross selection 230 delivered the largest long-term genetic gain and that this gain increased with the 231 increasing number of recurrent selection cycles per year. This was achieved by 232 optimising efficiency of converting genetic diversity into genetic gain, which the two-233 part program with truncation selection cannot achieve. The extra efficiency from the 234 optimisation was due to the reduced loss of genetic diversity and the reduced drop of 235 genomic prediction accuracy with the increasing number of recurrent selection cycles. 236
With four cycles per year optimal cross selection had 15-78% higher genetic gain and 237 2-4 times higher efficiency than truncation selection. 238
In the following we structure the results in four parts. First, we present the effect of 239 the number of cycles of recurrent selection on long-term genetic gain and efficiency 240 of the two-part programs. Second, we present the 20 year trajectory of breeding 241 programs through the plane of genetic mean and genic standard deviation. Third, we 242 present the change of genomic prediction accuracy over time. Fourth, we present the 243 relationship between realised effective population size and long-term genetic gain and 244 efficiency. The two-part program results in the second, third, and fourth sections of 245 the results are presented only for four cycles of recurrent selection per year. Unless 246 specified explicitly, the results for the two-part program with optimal cross selection 247 are given for penalty degrees that gave the highest long-term genetic gain. 248
Effect of the number of cycles on long-term genetic gain 249
Optimal cross selection delivered the highest long-term genetic gains. The gain 250 increased with the increased number of cycles of recurrent selection irrespective of 251 cost constraints. This is shown in Fig. 2 , which plots genetic mean after 20 years of 252 selection against the number of cycles of recurrent selection per year in the two-part 253 program. For comparison genetic gain of conventional programs are also shown. The 254 conventional program with phenotypic selection had the smallest genetic gain (5.7), 255 followed by the two conventional programs with genomic selection (8.2 and 10.5). 256
The two-part programs had generally larger genetic gains than conventional 257 programs, but they varied considerably and there were interactions between selection 258 method, number of cycles of recurrent selection per year, and cost constraints. 259
Under constrained costs optimal cross selection delivered the highest long-term 260 genetic gain, which increased with the increasing number of cycles; 11.5 with one 261 cycle, 14.5 with two cycles, 15.5. with four cycles, and 16.1 with six cycles. To 262 achieve increased genetic gain with the increasing number of cycles, penalty degrees 263 had to increase as well; on average 14° with one cycle, 24° with two cycles, 40° with 264 four cycles, and, 49° with six cycles. Genetic gain with truncation selection of a large 265 number of parents initially increased with increasing number of cycles (up to 14. Under unconstrained costs truncation selection of a large number of parents and 274 optimal cross selection delivered the largest long-term genetic gains and this 275 increased with increasing number of cycles; 11.5 with one cycle, 15.0 with two 276 cycles, 18.2. with four cycles, and 19.6 with six cycles. To achieve these genetic gains 277 penalty degrees had to increase, but less than under constrained costs. Truncation 278 selection of a small number of parents again increased genetic gain only when number 279 of cycles was increased from one to two and gradually decreased with additional 280 cycles, but at slower rate than under constrained costs. 281
Effect of the number of cycles on efficiency 282
Optimal cross selection had the highest efficiency of converting genetic diversity into 283 genetic gain amongst the two-part programs. This is shown in Fig. 3 of parents decreased with the increasing number of cycles, but less than with 302 constrained costs. 303
Gain-diversity trajectory 304
The two-part program with optimal cross selection delivered the largest genetic gain 305 of all breeding programs and conserved the most genetic diversity of the two-part 306 programs. This is shown in Fig. 4 , which plots the 20 year trajectory of evaluated 307 breeding programs through the plane of genetic mean and genic standard deviation. 308
The two-part programs were ran with four cycles of recurrent selection. Separate 309 trends of genetic mean, genic standard deviation, and genetic standard deviation 310 against year are available in Supplementary material 3 ( Fig S2.1, Fig S2. In the present study we show that a more aggressive implementation of the two-part 389 program, achieved through even shorter breeding cycle times, must manage the 390 exploitation of genetic diversity. Preliminary analyses following the Gaynor et al. 391 (2017) study indicated that increasing the number of cycles above two delivered 392 larger genetic gain in short-term, but not in long-term. This is due to the requirement 393 to decrease the per generation population size to maintain equal operating cost, which 394 results in faster depletion of genetic diversity. A simple method to avoid fast 395 depletion of genetic diversity is to use a sufficiently large number of parents with 396 equalized contributions (Wright 1949) . The present study assessed this simple method 397 by comparing truncation selection of a small and a large number of parents. 398
Increasing the number of parents delivered competitive genetic gain, but only up to 399 three recurrent selection cycles per year. 400
The two-part program with optimal cross selection can deliver higher long-term 401 genetic gain than with truncation selection by optimising the efficiency of turning 402 genetic diversity into genetic gain. While truncation selection of a large number of 403 parents was successful in delivering higher long-term genetic gain than truncation 404 selection of a small number of parents, it still rapidly reduced genetic diversity, which 405 limited long-term genetic gain. This was particularly evident under constrained costs, 406 but would also have eventually happened under unconstrained costs. Optimal cross 407 selection was able to overcome rapid loss of genetic diversity through penalizing the 408 selection of parents that were too related, which in turn enabled larger long-term 409 genetic gain. These two results combined show that optimal cross selection optimises 410 22 the efficiency of converting genetic diversity into genetic gain than truncation 411 selection. 412
It was interesting to observe that the two-part program with optimal cross selection in the high efficiency of these two conventional programs was not due to a large genetic 423 gain, but instead due to a small loss of genetic diversity for the genetic gain that was 424 achieved. The two-part program achieved higher genetic gain, because it had much 425 shorter breeding cycle than the conventional programs despite lower accuracy of the 426 Mendelian sampling term. 427
Optimal cross selection provides further advantages than just balancing selection and 428 maintenance of genetic diversity. Comparison of optimal cross selection against 429 truncation selection is in a sense extreme, because breeders do not perform truncation 430 selection blindly. In practice breeders balance selection of parents from several 431 crosses to maintain genetic diversity. However, the systematic, yet practical, approach 432 23 of optimal cross selection formalizes breeding actions and indicates decisions that a 433 breeder might not consider. 434
Use of a tool like optimal cross selection is important in the two-part program, 435 because managing outbred germplasm in the population improvement component is 436 different to managing germplasm of inbred lines. In particular, differences between 437 the outbred genotypes are less pronounced and there is very limited amount of 438 phenotypic data, if any, that breeders would use for selection and crossing amongst 439
them. An example that shows the flexibility of the optimal cross selection is the 440 observed trend of cyclical deviations in genetic mean and genic standard deviation in 441 the population improvement component ( Fig S2.1 and Fig S2. 2). Those deviations 442 were due to using some parents from the product development component in an 443 optimised crossing plan for the population improvement component. Although these 444 parents had lower genetic merit than the best population improvement candidates, 445 they had sufficiently high merit and low coancestry with them. Optimal cross 446 selection automatically exploited this situation to balance selection and maintenance 447 of genetic diversity. The pattern of deviations is cyclical because we designed the 448 simulation such that product development lines were considered for use in the 449 population improvement component only once a year. There is however no reason for 450 this limitation, i.e., optimal cross selection can design crossing plans that utilize any 451 set of individuals at any time. 452
Balancing selection and maintenance of genetic diversity is challenging, but the 453 presented method provides an intuitive and practical approach. Since breeding 454 programs compete for market share they have to select intensively, sometimes also at 455 24 the expense of genetic diversity. While breeders can boost genetic diversity by 456 integrating other germplasm, this can be challenging for various reasons including 457 cost. Therefore, methods to optimise efficiency of converting genetic diversity into 458 genetic gain are desired. The approach with penalty degrees used in this study, due to 459 Kinghorn (2011) , is intuitive and practical. Namely, setting penalty degrees to 45° 460 weighs selection and maintenance of genetic diversity equally, while setting penalty 461 degrees to 0° ignores maintenance of genetic diversity, which is equivalent to 462 that optimal contribution selection provided a good balance between maintaining 488 genetic gain, genetic diversity, and accuracy in a breeding program with recurrent 489 genomic selection. 490
Effective population size and long-term genetic gain 491
In this study we compared different breeding programs over a 20 year period and 492 referred to these results as long-term. While 20 years is a long-term period from the 493 practical perspective of a breeder, it is not long-term from population/quantitative 494 genetics perspective. This is evident from observed strong non-linear relationship 495 between effective population size and genetic gain after 20 years. Namely, the theory 496 predicts a positive linear relationship between effective population size and long-term 497 response to selection for a polygenic trait (Robertson 1960) , even in the presence of 498 epistasis (Paixão and Barton 2016) . Therefore, the observed highest genetic gain with 499 effective population size of about 10 suggests that the evaluated period is rather short-500 26 to medium-term. The efficiency had on the other hand a positive linear relationship 501 with effective population size, suggesting that this metric gives a better indication of 502 the true long-term genetic gain. In fact, efficiency measures genetic gain (in units of 503 initial genetic standard deviation) when all genetic diversity is depleted. The two-part 504 programs with optimal cross selection can be setup such that it delivers either the 505 highest genetic gain after 20 years of selection or the highest efficiency (true long-506 term genetic gain), though the balance between selection and maintenance of genetic 507 diversity has to be different for the two objectives. Given that breeding programs 508 compete for market share, the hope is that tools like optimal cross selection help 509 breeders to balance intensive selection and maintenance of genetic diversity, while 510 mutation generates new genetic diversity to sustain long-term breeding. 511
Practical implementation in self-pollinating crops 512
This study assumed a breeding program that can perform several breeding cycles per 513
year. Following our previous work (Gaynor et that is proportional to their optimised contributions. Here we opted for a manual 527 crossing system based on either truncation selection or optimal cross selection of 528 parents to develop a method that can be used with both approaches. Whichever 529 approach we use, recurrent genomic selection is constrained by the amount of seed 530 per plant, because this imposes a limit on selection intensity. A way to bypass this 531 limit is to increase the amount of seed with selfing. In the context of genomic 532 selection this has been termed as the Cross-Self-Select method in comparison to the 533 Cross-Select method used on F 1 seed (Bernardo 2010). We have compared these two 534 methods (see Supplementary material 3) and observed that exposing more genetic 535 diversity with the Cross-Self-Select method enabled higher long-term genetic gain at 536 comparable costs and time than with the Cross-Select method, while the genetic 537 diversity trends were comparable. The difference in long-term genetic gain between 538 the two methods was about 10% for optimal cross selection and truncation selection 539 of a large number of parents and about 25% for truncation selection of a small number 540 of parents. This is expected, because genetic diversity was limiting with the latter 541 program and exposing more genetic diversity through selfing had a bigger effect. It is 542 up to a breeder to choose between exploiting a larger number of cycles with the 543 Cross-Select method or a larger variance with the Cross-Self-Select method. Costs 544 can be challenging when genotyping a large number of candidates with the Cross-545 
Open questions 548
While the presented two-part program with optimal cross selection delivered larger 549 long-term genetic gain and a more efficient breeding program, there is room for 550 further improvement. We initially expected larger difference in long-term genetic gain 551 between optimal cross selection and truncation selection. There are at least two 552 reasons for small difference between the two selection methods. First, the simulation 553 encompassed a whole breeding program with a sizeable initial genetic variance that 554 did not limit selection for the first few years, which means that maintenance of 555 genetic diversity was not important initially. Had we extended the simulation period, 556 the difference would have been larger, but even further removed from today. That 557 said, it is unknown where on the trajectory of exhausting genetic variance many 558 breeding programs actually are. Perhaps they are as we simulated or perhaps they are 559 less or further along the trajectory. Secondly, it is unclear how to optimally maintain 560 genetic diversity, specifically which genetic diversity should be preserved and which 561 discarded. In this study we operationally measured genetic diversity in the optimal 562 cross selection with the identity-by-state based coancestry, which measure genome-563 wide diversity, but are agnostic to traits under selection. Perhaps coancestry should 564 include information about which alleles are more desired so that focus is on avoiding 565 the loss of these alleles and not any alleles. This is a subject of our future research. shown for all evaluated penalty degrees (1, 5, 10, …, 85). 82
